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Many vaccines induce protective immunity via antibodies. Recent studies have used systems 
biological approaches to determine signatures that predict vaccine immunity in humans, but 
whether there is a ‘universal signature’ that can predict antibody responses to any vaccine, is 
unknown. Here we performed systems analyses of immune responses to the meningococcal 
polysaccharide and conjugate vaccines in healthy adults, in the broader context of our previous 
studies with the yellow fever and two influenza vaccines. To achieve this, we performed a large-
scale network integration of public human blood transcriptomes, and systems-scale databases in 
specific biological contexts, and deduced a set of blood transcription modules. These modules 
revealed distinct transcriptional signatures of antibody responses to different classes of vaccines 
providing key insights into primary viral, protein recall and anti-polysaccharide responses. These 
results illuminate the early transcriptional programs orchestrating vaccine immunity in humans, 
and demonstrate the power of integrative network modeling.
Introduction
Recent studies have used systems biological approaches to identify molecular networks that 
orchestrate immunity to vaccination in humans 1–3. Analyses of the immune response to the 
yellow fever vaccine (YF-17D) have provided proof of concept that molecular signatures in 
the blood of humans, induced within a few days after vaccination, can be used to predict the 
magnitude of the later immune responses to a vaccine 4, and are beginning to yield novel 
insights about the nature of the innate and adaptive responses to vaccination 4, 5. 
Subsequently, systems biological approaches have been extended to identify predictive 
signatures to influenza vaccines 6, and are being used to study immune responses to other 
vaccines 7–11. The new field of systems vaccinology has emerged from this data and is 
poised to address the mechanisms that control immune responses to vaccination and identify 
predictors of vaccine efficacy 2, 12, 13.
A central question in systems vaccinology is whether there are ‘universal predictors’ of 
vaccine immunity. For example, given that many vaccines stimulate protective immunity 
through antibodies, are there molecular signatures that can be used to predict the antibody 
response to any vaccine? In studies of the yellow fever vaccine 4, 5, a robust but transient 
type I interferon response was seen in the blood transcriptomes of vaccinees. In studies of 
the trivalent inactivated influenza vaccine (TIV), a strong gene signature of antibody 
secreting cells was detectable seven days after vaccination 6. In both studies, expression of 
genes such as TNFRSF17 (BAFF receptor) was found to be highly predictive of the later 
antibody response 4, 6. How the early molecular and cellular events induced by vaccination 
impact the later antibody response remains a central question. Previous work on live 
attenuated virus vaccines (YF-17D and live attenuated influenza vaccine, LAIV) and an 
inactivated protein vaccine (TIV) suggest that different programs are induced by different 
vaccines 6. The question of whether there are common programs that drive antibody 
responses to different vaccines remains unanswered. For example, YF-17D triggers Toll-like 
receptors 2, 7, 8 and 9, as well as RIG-I and MDA-5 4, 14, and LAIV triggers TLR7 15, 16. 
However, bacterial polysaccharide do not trigger these receptors, which are involved in viral 
sensing. Do carbohydrate vaccines induce molecular signatures that reflect distinct 
Li et al. Page 2













molecular pathways that stimulate antibody production? To address this issue, we initiated a 
program aimed at comparing molecular signatures induced by different vaccines. As part of 
this effort, we performed a detailed analysis of the innate and adaptive responses to 
vaccination with the meningococcal polysaccharide vaccine or the meningococcal conjugate 
vaccine. The key questions that we addressed were: can the molecular signatures induced 
early after vaccination be used to predict the later magnitude of the antibody titers to these 
vaccines? Are these signatures similar to those elicited by other vaccines such as the 
influenza or yellow fever vaccines, and if so, to what extent are they capable of predicting 
antibody responses to these vaccines?
Neisseria meningitidis is a leading cause of meningitis and septicemia with 1.2 million cases 
per year worldwide 17. Two major classes of meningococcal vaccines available in the US 
are the polysaccharide vaccines, such as the quadrivalent polysaccharide vaccine (MPSV4) 
containing polysaccharides from serogroups A, C, Y and W-135, and the polysaccharide-
protein conjugate vaccines, such as the quadrivalent conjugate vaccine (MCV4) that 
contains the same four polysaccharides conjugated to diphtheria toxoid. Vaccination induces 
anti-capsular antibodies with the ability to fix complement and trigger bacterial lysis, as 
measured in the serum bactericidal activity assay (SBA), which correlates with protection 
from clinical disease 18. Both classes of meningococcal vaccines induce high titers of 
functional antibodies one month after vaccination, however polysaccharide vaccines are 
believed to induce T-independent antibody responses, leading to waning humoral immunity 
and impaired memory, especially in infants 19. Moreover, repeated polysaccharide 
vaccination can result in hyporesponsiveness to serogroups C and W-135 20, 21. Despite the 
fact that these two vaccines contain the same polysaccharide antigens, the molecular 
mechanisms by which they elicit immunity may differ and are poorly understood.
In this study, we performed a detailed characterization of the innate and adaptive immune 
responses to vaccination with MPSV4 and MCV4 in healthy young adults. Comparative 
analysis was performed on five vaccines, combining the previous data on the yellow fever 
vaccine, and two influenza vaccines. A large-scale network integration of public human 
blood transcriptomes, with interactome, bibliome, and pathway databases and specific 
biological contexts was conducted to deduce a set of blood transcription modules, which 
were used to evaluate the correlation between the antibody response and the blood 
transcriptome. This approach revealed distinctive transcriptomic signatures that correlate 
with vaccine-specific antibody responses, providing key insights into primary viral, protein 
recall and anti-polysaccharide responses. Our results demonstrate the power of integrative 
network modeling, and show that immunological mechanisms can be successfully inferred 
from early blood transcriptomes.
Results
Antibody responses induced by meningococcal vaccines
In a > 2-year longitudinal study, we immunized 30 healthy young adults with either MCV4 
(n=17) or MPSV4 (n=13), and performed a comprehensive analysis of their innate and 
adaptive responses (Table 1). Serum antibody responses against meningococcal serogroups 
A and C were measured at days 0, 7, 30, 180 and 750 post-vaccination (Fig. 1a). Serogroup 
Li et al. Page 3













A is the cause of large pandemics, especially in Sub-Saharan Africa. Serogroup C is among 
the common types causing meningococcal infections in the United States, along with 
serogroups Y and B (http://www.cdc.gov/abcs/reports-findings/survreports/mening11.html). 
There is no licensed vaccine for serogroup B in the USA. Both vaccines induced robust 
polysaccharide-specific IgG binding antibody responses against serogroups A and C, as 
measured by ELISA. These responses peaked at day 30 (MCV4) or day 180 (MPSV4) (Fig. 
1a). The magnitude and duration of the polysaccharide-specific IgG response was greater 
with MPSV4 compared to a single dose of MCV4 (Fig. 1a). Both MPSV4 and MCV4 
induced polysaccharide-specific IgG2 and IgG1 antibody responses (Fig. 1b), as well as 
specific IgM antibody titers, which continued to rise until at least day 30 (Fig. 1c). Two 
years after immunization, there was still a significant concentration of polysaccharide-
specific IgG response induced by MPSV4, whereas the response induced by the primary 
dose of MCV4 had declined, although it stayed substantially above baseline (Fig. 1a).
Both vaccines induced a rapid increase in serum bactericidal activity (SBA), which was 
detectable as early as day 7, peaked at day 30, began to decline by day 180, yet remained 
substantially above baseline at day 750 (Fig. 1d). Although there was a trend for MPVS4 to 
induce greater SBA titers than MCV4 (Fig. 1d), the difference in the magnitude of the SBA 
titers was not as pronounced as that observed with the magnitude of the ELISA binding 
titers (Fig. 1a). An SBA titer of 1:8 or higher, a correlate of protective immunity 22, was 
maintained in the majority of MPSV4 and MCV4 vaccinees two years after inoculation, 
with no difference observed between the two vaccine groups (Fig. 1d). MCV4, which 
contains the diphtheria toxoid (DT) protein as a conjugate, elicited a strong anti-DT IgG 
response at days 7 and 30, whereas MPSV4 containing polysaccharide alone did not (Fig. 
1e).
The number of peripheral blood antibody secreting cells (ASCs) induced by vaccination was 
assessed. The ASCs showed a peak at day 7 in both vaccines (Fig. 1f). Surprisingly, even 
though a greater polysaccharide-specific antibody response was induced by MPSV4 (Fig. 
1a, d), the magnitude of the ASC response induced by MPSV4 was lower than that induced 
by MCV4 (Fig. 1f). Polysaccharide- and DT-specific ELISpots in a subset of MCV4 
vaccinees revealed that the majority of IgG ASCs detected in the blood at day 7 were 
specific for DT (Supplementary Fig. 1a, b). Indeed, the percentage of total ASCs in the 
blood at day 7 after MCV4 vaccination strongly correlated with the serum anti-DT IgG (Fig. 
1g), and not with the anti-polysaccharide IgG response (data not shown).
Taken together, these data demonstrate that both the polysaccharide and conjugate vaccines 
induce robust polysaccharide-specific antibody titers in healthy young adults, but the 
magnitude and isotypes of the antibody responses vary substantially between the two 
vaccines. Interestingly, MPSV4 induced a greater magnitude of binding antibody titers than 
MCV4 (Fig. 1a), although the differences in SBA titers were more modest (Fig. 1d). This 
suggests that despite the noticeable difference in the binding antibody response, that MCV4 
may be more efficient at inducing functional antibodies, perhaps as a result of increased 
antibody affinity. Importantly, MCV4 induced a robust antibody secreting cell response that 
was directed largely against the carrier protein, DT, whilst MPSV4 induced very little IgG 
antibody secreting cell response. These data prompt the question of what cells produce 
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carbohydrate-specific antibodies to MCV4 and MPSV4. It is possible that such cells emerge 
more rapidly (or later) than the plasmablasts producing DT-specific antibodies, or such cells 
may not circulate in the blood. Further experimentation involving a more detailed kinetic 
analysis of the response in humans will provide additional insights into these issues.
Workflow to compare vaccine transcriptomic signatures
To gain insights into the molecular mechanisms underlying the responses to meningococcal 
vaccines, we analyzed the transcriptomic profiles in peripheral blood mononuclear cells 
(PBMC, days 0, 3 and 7) of the vaccinees using DNA microarrays (Table 1). At day 7 post-
vaccination, we identified 1,150 differentially expressed genes (DEGs) in MCV4 vaccinees 
(Fig. 2a). These DEGs bear the hallmark of antibody secreting cells (ASC), which is 
consistent with the enhanced frequencies of these cells (Fig. 1f). In our previous study with 
influenza TIV, we observed that such an ‘ASC response’ is characterized by a 
transcriptional network regulated by XBP1, which is a key transcription factor associated 
with ER stress and plasma cell differentiation 6. This XBP1 network is also highly enriched 
for up-regulated genes at day 7 post-MCV4 vaccination (Supplementary Fig. 2).
However, only a small number of DEGs were identified at day 3 post-vaccination for both 
MPSV4 and MCV4, and at day 7 for MPSV4 (Fig. 2a). Consistent with this, analysis of 
plasma cytokines revealed little change induced by either vaccine (Supplementary Fig. 3). 
This is in contrast to what was observed with 3 other vaccines 4, 6: the yellow fever vaccine 
(YF-17D), the live attenuated influenza vaccine (LAIV) and the trivalent inactivated 
influenza vaccine (TIV), where the same differential expression analysis was performed 
(Fig. 2a). Similar results were obtained when we applied the additional gene filtering and 
false discovery rate as in our previous study 6 (Supplementary Table 1). Among these 5 
vaccines, YF-17D and LAIV are live attenuated viruses, TIV is an inactivated vaccine that 
contains a viral coat protein, hemagglutinin (HA), MPSV4 contains meningococcal 
polysaccharides, and MCV4 contains the meningococcal polysaccharides conjugated to DT. 
With the exception of LAIV 6, all vaccines induce a robust antibody response in the blood, 
which is considered to be the principal correlate of protection for these vaccines 2, 18. 
Whether such transcriptomic differences reflect fundamental differences in the mechanisms 
of antibody response to these different vaccines is a key issue.
To address this issue, we devised a systematic framework for comparing the transcriptomic 
signatures of five human vaccines (Fig. 2b). Firstly, we applied to the lists of DEGs from the 
five studies a method that utilizes gene interaction data (interactome/bibliome), to put them 
into a biological context. Secondly, we tested molecular pathways for their association to 
vaccination and to antibody response, using a robust positional test (Gene Set Enrichment 
Analysis – GSEA 23). Lastly, we devised a novel approach using blood transcription 
modules (BTM), as an alternative to ‘conventional’ pathway analyses (Fig. 2b). Details of 
each step are described in the subsequent subsections.
Given the complexity and depth of these data and analyses, we provide access to an online 
data portal (http://www.immuneprofiling.org/papers/meni/). At this site, users can browse, 
filter and visualize the entire dataset through a web interface. Online interactive versions of 
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major figures and details of our BTM module annotations are included as part of the 
website.
Comparative differential gene expression analysis
To find gene signatures shared by two or more vaccines, we cross-referenced the lists of 
DEGs (Fig. 2a) of all 5 vaccines. The DEGs common to any two vaccines are available 
online for interactive exploration, presented by blue curves linking two arcs on the circular 
plot (snapshot shown in Fig. 3a). Some of the DEGs across these vaccine datasets are shown 
(Fig. 3b). Several B cell genes were up-regulated at day 7 in MCV4 and TIV vaccinees (Fig. 
3b), including TNFRSF17, a B cell differentiation gene that is predictive of antibody 
responses to the YF-17D and TIV vaccines 4, 6. Genes associated with innate immunity and 
interferon responses, such as OAS1, OAS2, STAT1, STAT2 and TRIM22 were up-regulated at 
day 3 post-vaccination with live attenuated virus vaccines (Fig. 3b).
To better understand the interactions between these DEGs and to put them into biological 
context, we adopted an approach 24, 25 that utilizes gene connections extracted from 
interactome and bibliome data (Supplementary Fig. 4a; see online methods for details). The 
“interactome” refers to a collection of gene-gene interactions, including physical and causal 
interactions in pathways obtained from several public databases (e.g. HPRD, MINT, 
Reactome). The “bibliome” refers to pairs of genes that are associated to papers listed in 
PubMed. For each gene in the interactome or bibliome network, its association to DEGs in a 
vaccine response is assessed by statistical enrichment 24, 25. If such association is 
significant, this “linker” gene is added to the respective vaccine response network, even 
though it was not present in the original DEG list (Supplementary Fig. 4a). We note that 
these ‘linker’ genes are highly relevant to the study context. For example, among the 312 
‘linker’ genes added to the MCV4 network from Interactome, 115 have p-value under 0.05 
in the gene expression data (enrichment p = 10−19). Using this integrative approach, the 
overlap of DEGs plus “linker” genes across the 5 vaccines were substantially increased 
(Supplementary Fig. 4b, c). The overlap network between MCV4 and TIV is enriched for 
genes expressed in antibody secreting cells (Supplementary Fig. 4d), whereas the overlap 
network between YF-17D and LAIV is enriched with TCR signaling genes and interferon-
related genes (Supplementary Fig. 4e). The network of 1255 genes common to 4+ vaccines 
(Supplementary Fig. 4c) is highly enriched for a number of immunological-related 
processes, such as leukocyte differentiation and B cell activation (Fig. 3c, Supplementary 
Fig. 4f). Of these 1255 genes, 1231 are also found in the response network that we 
constructed from a published malaria RTS, S vaccine study 7 using the same method (data 
not shown), indicating that this common network may represent a “generic” signature of 
vaccine transcriptomic response.
Molecular pathways associated with vaccination and antibody responses
Beyond single gene level analysis, the expression of pathways can be also directly 
evaluated, providing more specific biological context and increasing statistical 
power 3, 26, 27. We adopted the positional test framework of GSEA 23 and Nature/NCI 
pathway interaction database 28 to perform pathway level analyses (see methods, Fig. 2b). 
Several pathways related to cell proliferation (ERBB1 downstream signaling, CDC42 
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signaling, E2F network, c-myc targets) were significantly induced by different vaccines, as 
well as innate pathways including interferon gamma pathway in YF-17D, mTOR pathway 
and TNFR signaling in MPSV4 and PDGFR-β signaling in YF-17D, MCV4 and MPSV4 
(Supplementary Fig. 5).
We also identified pathways whose expression were correlated to antibody responses 
(Supplementary Fig. 6), such as “BCR signaling pathway” for TIV and MCV4 and “ATF-2 
transcription factor network” for YF-17D. ATF-2 is a central transcription factor associated 
with tumorigenesis, DNA damage response 29 and cellular responses to amino acid 
starvation stress 30. We showed previously that another key sensor gene of amino acid 
starvation stress, EIF2AK4, predicts 4 and regulates (data not shown) the later CD8+ T cell 
response induced by YF-17D vaccination. Although further experimentation is necessary, 
our result suggests that the same amino acid starvation stress, through ATF-2 network, could 
be related to B cell responses.
Despite these interesting results, it should also be noted that pre-defined pathways are 
inherently limited in analyzing these blood transcriptome data 3, 27, 31, 32. Current pathway 
databases are biased to oncology and cover limited immunology 31. Also, many canonical 
pathways were defined in extreme or controlled experimental situations (e.g. knock-out 
experiments, pathological conditions, drug treatment, etc) 33, making them less suitable for 
describing how a healthy immune system responds under non-pathological conditions, such 
as vaccination. Additionally, genes in a pathway are not necessarily co-expressed. 
Furthermore, heterogeneous tissue like PBMCs, where expression signals from different cell 
types are mixed, can limit the sensitivity of pathway analysis. Therefore as described below, 
we undertook a novel approach of constructing gene transcription modules for blood tissues 
through large-scale data integration.
Blood transcription modules as a novel framework
Transcriptional networks can be computationally inferred from compendia of gene 
expression profiling data 34–37. Large volumes of human blood transcriptome data have 
already accumulated in public repositories, providing the opportunity to reconstruct gene 
networks that are specific to the context of immune response in the blood tissue. A special 
form of gene networks, the gene modules, has become a powerful tool of systems 
biology 34–37. This module approach was pioneered for human immunology using in-house 
microarray data38. However, one of the greatest challenges consists in finding modules that 
can be applied to the thousands of heterogeneous samples across the many different studies 
and platforms available (see Supplementary Note). To fully leverage the power embedded in 
these public data, we developed a large scale data integration approach, which reconstructed 
gene networks from publicly available microarray data, and identified context-specific gene 
modules from the reconstructed networks.
A detailed description of how we constructed the Blood Transcription Modules (BTM) is 
presented (Fig. 4a and full technical details are given in Supplementary Note). Over 30,000 
human blood transcriptomes from more than 500 studies were compiled from public 
repositories. From each of these studies, we tested the dependency between genes using 
mutual information and extracted significant gene coexpression patterns 36, 39–42. Genes 
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whose coexpression relationships were confirmed in three or more studies were connected to 
form a high-quality coexpression network, called the master network (Fig. 4a). Next, we 
obtained subnetworks of specific biological contexts by intersecting the master network with 
a gene ontology category, cell type-specific expression, interactome or bibliome. Finally, we 
implemented a massive parallel strategy to search through all networks for gene modules, 
which were defined as densely connected gene groups in a context-specific subnetwork. 
Current pathway databases and transcription factor binding data were also integrated into the 
search algorithm. This novel approach identified 334 BTMs that were annotated according 
to their biological functions and/or tissue-specific expression patterns. Only 37% of these 
BTMs have a greater than 25% overlap with current pathways, indicating that substantial 
new information is brought in. Full details of BTMs, including member genes and associated 
contexts, are provided in our online portal (http://www.immuneprofiling.org/papers/meni/) 
and in the Supplementary Tutorial, where a step-by-step demonstration of their applications 
is presented.
The BTM construction process recovered many known protein complexes, demonstrating 
that our reverse engineering approach had great sensitivity (see Supplementary Note). For 
example, 79 human genes from the ribosome complex are presented in the master network 
and are highly interconnected by 2,418 edges (Supplementary Fig. 7a). Additional examples 
of protein complexes, such as splicesome and nuclear pore complexes, are represented as 
BTM modules (Supplementary Fig. 7b, c). A large majority of BTM modules represent 
specific biological processes. The genes in module M18 for example are fully supported by 
literature for their involvement in T cell differentiation (Supplementary Fig. 8a), yet no 
database described a pathway that consisted of these genes. Many modules are self-evident, 
e.g. M240 contains genes whose majority is specific to Y-chromosome (Supplementary Fig. 
8b).
Many statistical methods commonly used in pathway analyses can be applied to our BTM 
modules. For this study, we combined the expression values of member genes into a single 
module activity score (the mean value). Then, standard t-test and Pearson correlation were 
used on these activity scores. Using the t-test, we benchmarked the discriminative power of 
BTMs in the vaccine datasets and additional test datasets, and showed a superior 
performance of BTM modules compared to canonical pathways (Fig. 4b, Supplementary 
Fig. 9). Using a pathway/module activity score is an established practice 43, 44. These 
methods are statistically powerful because random elements within a module are expected to 
have no net contribution to the score. We thus have a framework to assess the statistical 
significance of correlations to antibody data, where BTM modules can be distinguished from 
random data (Fig. 4c). The Plasma cells-Immunoglobulin module is illustrated (Fig. 4 d). 
This module consists of mostly immunoglobulin genes and genes that bear sequence 
similarity to immunoglobulins. It is noteworthy that the four genes out of this category, 
TNFRSF17, POU2AF1, MZB1 and CD27, are all known B cell regulators. Due to the 
inherent nature of this module, one can expect its correlation to antibody production. Indeed, 
the increased activity of this module at day 7 MCV4 data is well correlated to later DT-
specific IgG response (Fig. 4e), and it is consistent with the increase of antibody secreting 
cells at day 7 (Fig. 1f). A similar result is seen for influenza TIV vaccine (Supplementary 
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Fig. 10), which also induces an expansion of antibody secreting cells at day 7 6. These 
results indicate that gene interactions can be learned from public data, and BTMs provide a 
powerful tool to decrypt immune responses.
Distinctive transcriptional programs in vaccine antibody responses
We applied our BTM framework to examine the transcriptomic programs that correlate with 
antibody responses to different vaccines. For each of the YF-17D (live attenuated virus), 
TIV (inactivated), MPSV4 (carbohydrate) and MCV4 (polysaccharide-conjugate) vaccines, 
the correlation to antibody response was computed for all BTM modules, and statistical 
significance was assessed by permuting gene memberships and sample labels (see on-line 
methods). The conjugate vaccine MCV4 yielded two sets of correlation profiles from the 
same blood transcriptome data, one for the Diphtheria Toxoid (DT) antibody response and 
one for the polysaccharide (PS) antibody response. With the distinct nature of these vaccines 
and variations between cohorts, one might have expected a unique profile for each vaccine, 
as suggested by the earlier pathway analysis (Supplementary Fig. 6). Yet to our surprise, the 
early BTM correlation profiles at day 3 displayed three distinctive patterns (Fig. 5a and 
Supplementary Fig. 11) that represent the protein recall response (shared by TIV and MCV4 
anti-DT), the polysaccharide response (shared by MPSV4 and MCV4 anti-PS) and primary 
the viral response (YF-17D). The YF-17D profile at day 3 is very different from other 
vaccines, but closely resembles that of YF-17D at day 7. In this context, an important 
consideration is that differences in the signatures observed with MPSV4 versus MCV4 may 
be due to the fact that one vaccine is given intramuscularly and the other subcutaneously. 
However, we feel that this is unlikely, since the signatures that correlate with the anti-
polysaccharide antibody responses to MPSV4 and MCV4 are similar (Fig. 5a).
In the primary viral response (Fig. 5a, b, Supplementary Fig. 12), higher antibody response 
is associated with greater activity in interferon response and cell adhesion modules. 
Although we previously showed that interferon activity is induced after YF-17D 
vaccination, no correlation was found between the interferon response and antibody 
production 4, 5, 36. Using our novel module approach, we identified for the first time for 
YF-17D this robust correlation (Fig. 5b), which is consistent with the ability of YF-17D to 
induce robust type I IFNs production in plasmacytoid DCs 14. The cell adhesion molecules 
are a hallmark of leukocyte migration and activation, thus a sensitive indicator of vaccine 
immunogenicity. Inversely correlated to the antibody response are a number of cell division 
modules, including PLK1 signaling events. The PLK1 pathway is generally an antagonist of 
interferon signaling 45, 46, implicating a concerted immune modulation.
The anti-polysaccharide response at day 3 (Fig. 5a, top; Supplementary Fig. 12) contains a 
number of modules associated with antigen presenting cells and their activation, as well as 
complement and proinflammatory cytokines (Fig. 5b). This profile suggests the active 
involvement of myeloid dendritic cells (Supplementary Fig. 12,13), possibly through TNF-
NF-κB signaling. Gene members of these modules include dendritic cell (DC) markers: 
CD83, HLA-DR and HLA-DQ (Supplementary Fig. 14), and inflammatory cytokines: 
CCL20 and IL1B (Supplementary Fig. 13). The correlation of DC surface signature module 
to anti-polysaccharide IgG in both MCV4 and MPSV4 is shown (Supplementary Fig. 14b).
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We therefore further investigated the involvement of DCs in polysaccharide vaccination. 
The polysaccharide vaccine MPSV4 was able to induce the maturation of blood myeloid DC 
isolated from human PBMC (Supplementary Fig. 15). Up-regulation of co-stimulatory 
molecules and secretion of IL-6, TNF and IL-12p40 was detected in human DCs stimulated 
by MPSV4 (Fig. 6a). A similar result was seen in mouse splenic CD11c+ DCs. Using these 
cells from the appropriate knockout mice, we demonstrated that DC maturation induced by 
MPSV4 is dependent on Myd88, Trif and Tlr4, as well as inflammasome activation (Fig. 6b, 
Supplementary Fig. 16). These data suggest that MPSV4 vaccination involves pattern 
recognition receptors, a finding that is in line with previous reports 47. To determine whether 
these molecules were essential for the immunogenicity of MPSV4, we vaccinated mice 
deficient in these molecules with MPSV4 or MCV4. Vaccintation with MPSV4 did not 
reliably induce antibody titers (Supplementary Fig. 17), even after two successive 
immunizations (Supplementary Fig. 17d), thus posing a challenge to further investigation 
using animal models. However, despite there being a correlation of the DC surface signature 
module to anti-polysaccharide IgG (Supplementary Figure 14b), MCV4 did not induce 
robust activation of DCs in vitro (Fig. 6a & Supplementary Fig. 16). This suggests that the 
MCV4 may activate DCs in vivo through an indirect mechanism, and highlight the 
challenges in extrapolating results in vitro to in vivo studies.
The modules whose activity on day 3 correlate with HAI titers (TIV) and the DT-specific 
antibody titers (MCV4) are likely be part of a transcriptomic program associated with 
protein recall responses (Fig. 5a, lower right; Supplementary Fig. 12). This program displays 
many monocyte features, especially of Toll-like receptor (TLR) signaling. The FPR (formyl 
peptide receptor)-mediated response module is also highly expressed in monocytes. Linked 
to TLRs are TNFSF13B (also known as BAFF, M25) and TNFSF13 (also known as APRIL, 
M48) (Supplementary Fig. 12d, Supplementary Table 2). Together with BCR signaling, 
these modules indicate the downstream activation of B cells. Plasma and memory B cell 
modules at day 7 are indeed positively correlated with the antibody response in both 
vaccines (Supplementary Fig. 18).
The distinctive early patterns of the protein recall response and the polysaccharide response 
become less apparent by day 7 (Supplementary Fig. 19). At this time point, several BTM 
modules were in fact common to 3 out of the 5 vaccines. For instance, cell cycle related 
modules are shared among MPSV4, TIV and MCV4 anti-DT responses (Supplementary Fig. 
19). The TIV antibody response and the MCV4 DT-specific response still follow their day 3 
pattern (protein recall response), sharing among the top correlated BTMs plasma cells and 
immunoglobulin modules (Supplementary Fig. 19,20). TNFRSF17, the receptor for B cell 
growth factor BAFF and a top antibody predictor gene from previous studies 4, 6, is a 
member of these modules. Interestingly, these plasma cells and immunoglobulin modules, as 
well as memory B cell modules, are inversely correlated to antibody titers in YF-17D 
(Supplementary Fig. 12e, Supplementary Table 2), which is the opposite of what was 
observed with TIV and MCV4, where there is a positive correlation with the antibody 
responses (Supplementary Fig. 20). This difference may reflect some intriguing biology in 
the putative mechanisms that differentially regulate the generation of short-lived 
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plasmablasts during recall responses (TIV, MCV4) versus long-lived plasma cells 
(YF-17D), and remains to be explored mechanistically.
In summary, our BTM analysis revealed rich information underlying blood transcriptomes 
of vaccinated individuals. Besides the most pronounced features discussed above, more 
details are reported (Supplementary Fig. 12 and Supplementary Table 2). For instance, T 
cell activation appears to be negatively correlated with antibody responses in MPSV4 (D7) 
and TIV (D3 and D7), consistent with our previous report 6. A male-specific module (M240) 
is negatively correlated to antibody response in all these vaccines with varying statistical 
significance, suggesting a gender bias in antibody production. This is in agreement with 
several epidemiological studies that show that vaccinated females have a greater immune 
response than males 48.
Discussion
The major goals of systems vaccinology are to study the molecular mechanisms of action of 
vaccines and to identify signatures that predict vaccine immunity 2, 49. These goals can be 
more easily achieved when applied to vaccines such as YF-17D and TIV, which induce 
robust cellular responses and changes in gene expression in the blood. However, vaccination 
with MPSV4 and MCV4 induced more subtle changes in the blood transcriptome of 
vaccinees. Thus, deciphering the molecular mechanisms underlying immunity to different 
types of vaccines poses a great challenge. An additional problem inherent to the field 27, 49 
is the relatively limited size of many study cohorts, which poses challenges in achieving 
statistical robustness in data analysis. Another challenge stems from the usage of canonical 
pre-defined pathways, which lack specificity in the context of blood transcriptomic analysis. 
Using these pre-defined pathways introduces bias and limits the information that can be 
obtained from antibody correlation analysis. To overcome these challenges, we developed a 
large-scale data integration approach, which leverages prior knowledge and data in the 
public domain, to construct blood transcription modules and to develop them into a robust 
yet interpretable statistical framework. We chose to use a straightforward module activity 
score, and compute its Pearson correlation to antibody data with permutation tests. However, 
it is important to mention that BTM modules can be used as gene sets for GSEA analyses 
and for other pathway methods, making it easier for any researcher to study BTM activity in 
their own experiment.
Two sets of antibody correlation profiles were observed for the conjugate vaccine MCV4: 
one specific to anti-PS and another for anti-DT antibodies. Such resolution of ‘dual profiles’ 
was only achieved by our BTM approach – and not by gene-level analysis – and, therefore 
represents a considerable increase in sensitivity. The result also indicates that distinct 
molecular mechanisms are induced by different components of the same vaccine, and these 
may impact the study and development of conjugate vaccines in general.
A surprising result from this study is that although both MPSV4 and MCV4 induced robust 
polysaccharide-specific antibody responses, the vast majority of plasmablasts induced by 
MCV4 secreted antibodies against the carrier protein, rather than against the 
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polysaccharides. This raises the possibility that carbohydrate-specific antibodies are 
produced by a population of B cells, which are not present in the blood.
Our BTM framework identified three distinctive patterns in blood transcriptomes at day 3 
post-vaccination that are related to the nature of the vaccines studied. Among the BTMs 
whose activity correlates to antibody response at one month or later, we found type I 
interferon modules for primary viral response (YF-17D), modules associated with DC and 
complement activation for polysaccharide responses (MCV4-PS and MPSV4) and modules 
such as BCR signaling and plasma cell Igs for protein recall response (TIV and MCV4-DT). 
Several additional BTMs were correlated to antibody responses, indicating potentially novel 
networks of innate immunity that should be further characterized. These data suggest that 
gene expression predictors of antibody response are unlikely to be “universal”, but are 
dependent on the type of vaccine. This is consistent with our previous proposal that there 
would be different classes of vaccines that induces similar signatures of immunogenicity 1.
These analyses also enable the formulation of hypotheses about some potentially novel 
mechanisms of vaccine immunity. For example, the ‘signaling in T cells (I)’ module is 
strongly correlated to the carbohydrate-specific antibody response to MPSV4 (carbohydrate 
vaccine). Contrary to the prevailing belief that immune responses to MPSV4 is T cell-
independent, our results raise the possibility that CD4+ T cells may be involved. This 
hypothesis is consistent with a recent report describing polysaccharide-specific T cells 50. 
Furthermore, surprisingly, modules for RIG-1-like signaling and IRF-2 strongly correlated 
with carbohydrate-specific antibody responses to MPSV4 and MCV4. This raises the 
possibility that these vaccines may be using the RIG-1 pathway to induce antibody 
responses – something that remains to be tested. Finally, the observation that the ATF-2 
network correlates with antibody responses suggest a potential role for the integrated stress 
response in mediating antibody responses. This is consistent with our previous work 
showing that expression of EIF2AK4,, which encodes a key sensor gene of amino acid 
starvation, predicts 4 and regulates (data not shown) the later CD8+ T cell response induced 
by YF-17D vaccination.
Finally, while our BTMs offer a valuable tool to analyze blood transcriptomic data, further 
research is needed to better model the system and understand it. Thus the fine kinetics and 
potential regulatory mechanisms of genes contained within the BTMs could be elucidated in 
studies with more frequent sampling of the blood. Given the relatively modest strength of 
the early transcriptional signatures induced by MPSV4 and MCV4, a key question is the 
extent to which such changes represent variations in environmental confounding factors 
such as external temperature, time of collection of blood and atmospheric pressure. 
However, the biological relevance of many of these signatures to vaccine immunity, renders 
it likely that these results are indeed due to vaccination. Nevertheless, future studies could 
benefit from including placebo groups of subjects. Furthermore, this analysis presents 
several hypotheses about the functional relevance of the networks identified. In summary, 
these findings highlight the utility of systems biological approaches in discovering novel 
correlates of immunogenicity to vaccination. The identification of a compendium of 
signatures that correlate with antibody responses to different classes of vaccines represents a 
first step in addressing the question of whether there are universal correlates of antibody 
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responses to vaccination. Extending this analysis to a broader range of vaccines will pave 
the way towards the development of a ‘vaccine chip,’ which could be used to predict 
vaccine immunity against a broad range of vaccines.
On-line Methods
Clinical study organization
Healthy adult volunteers (18–45 years of age) were randomized to be vaccinated 
subcutaneously with MPSV4 (Menomune®, n=13) or intramuscularly with MCV4 
(Menactra™, n=17) (Sanofi Pasteur, Swiftwater, PA). Whole blood samples were collected 
using CPT tubes at days 0, 3, 7, 14, 30, 180 and 750 post-vaccination. Randomization was 
done by the pharmacist using Research Randomizer Form. The trial was double blinded to 
participants and laboratory staff during data collection. Informed consent was obtained on 
all participants prior to any study procedure. This research was approved by the Emory 
University Institutional Review Board and by the CDC Human Subject Office. The trial was 
designed as an exploratory study, without pre-specified effect size. All samples from the 
subjects that completed the study were included for analysis.
Cell and plasma isolation
Peripheral blood mononuclear cells (PBMC) and plasma were isolated from fresh blood 
(CPTs; Vacutainer® with Sodium Citrate; BD), as described in 6. PBMCs were frozen in 
DMSO with 10% FBS and stored at −80 °C and then transferred on the next day to liquid 
nitrogen freezers (−210 °C). Plasma samples from CPTs were stored at −80 °C. Trizol 
(Invitrogen) was used to lyse fresh PBMCs (1 ml of Trizol to ~1.5 × 106 cells) and to protect 
RNA from degradation. Trizol samples were stored at −80 °C.
Blood transcriptome analysis
Total RNA was extracted from PBMCs stored in Trizol according to the manufacturer’s 
recommendation. The quality of RNA was evaluated by a NanoDrop spectrophotometer and 
BioAnalyzer (Agilent Technologies). DNA microarray experiment was performed as 
previously described 6, on Affymetrix human U133 Plus 2.0 arrays (GeneTitan platform). 
Hybridization data of all samples passed quality control and expression data were 
normalized by RMA R package.
Measurement of anti-Meningococcal antibodies by ELISA
Immulon 2 HB plates (Thermo, Milford, MA) were coated with a final concentration of 5 
μg/ml for N. meningitidis serogroup A or 2.5 μg/ml for serogroup C purified polysaccharide 
(NIBSC, England) co-mixed for a final concentration of 2.5 μg/ml methylated serum 
(mHSA) albumin of serogroup A of 5 μg/ml mHSA for serogroup C. A blocking step with 
0.01M PBS buffer (pH 7.2) containing 5% new born bovine serum (NBBS, GIBCO-
Invitrogen, Grand Island, NY) was performed for 1 h and decanted. Serum samples were 
pre-diluted 1:25 and then serially diluted (2-fold) seven times in SC buffer (PBS with 5% 
NBBS and 0.1% Brij35). Samples were incubated over night at 4°C along with quality 
control serum CDC900385 and the reference standard CDC1992 51, as previously 
described 52. Following overnight incubation samples were removed by washing and horse 
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radish peroxidase (HRP) conjugate serum (mouse anti-human IgG, monoclonal antibody 
HP6043, Hybridoma, Baltimore, MD) was added to detect the bound serum IgG in samples 
collected at days 0, 7, 30, 180 and year 2. For detection of IgM antibodies mouse anti-IgM 
Fc monoclonal antibody (HP6083, Hybridoma) conjugated to HRP were used instead in 
samples from days 0, 7 and 30. Following a 2.5 h incubation, excess conjugate was removed 
by washing. The amount of bound conjugate was detected by addition of liquid SureBlue™ 
TMB (KPL, Gaithersburg, MD) and incubated for 30 minutes. The reaction was stopped by 
adding 100 μl of 1N HCl. Plates were read at 450 nm with a 630 nm background wave 
length in an ELx808 plate reader (BioTek, Winooski, VT). Data was captured with Gen5™ 
(BioTek) and analyzed using ELISA for Windows (CDC, Atlanta, GA). Data files were 
stored in a secured network folder. Subclass IgG1 antibodies were measured using mouse 
anti-human IgG1 (Alpha Diagnostics, San Antonio, TX) conjugated to HRP. IgG2 
antibodies were measured using mouse anti-human IgG2 (Invitrogen, Frederick, MA) 
conjugated to alkaline phosphatase. This later conjugate was developed using BluePhos® kit 
from KPL (Gaithersburg, MD). IgG1 and IgG2 antibodies were only measured in samples 
obtained at days 0, 7 and 30.
Measurement of anti-Diphtheria IgG by Luminex
Immune response to Diphtheria toxoid (DT) carrier protein was assessed at Days 0, 7 and 30 
using anti- DT IgG capture microsphere assay. Fluorescent microspheres (Luminex Corp, 
Austin, TX) were covalently conjugated to DT (List Biologicals, Campbell, CA) and used to 
capture and quantify DT specific IgG in sera based on previous method with minor 
modifications 53. An in-house DT reference serum was generated with a human Intravenous 
immunoglobulin (IVIG C911, Gamunex, Telecris, NC) and anti-DT IgG titer (relationship 
between the median fluorescence intensity (MFI) and dilution factor) was expressed as 
arbitrary units per milliliter (AU/ml). Data reduction and analysis was performed with 
Masterplex CT/QT (MiraiBio, San Francisco, CA).
Measurement of serum bactericidal titers (SBA)
Serum samples collected at days 0, 7, 30, 180 and year 2 were added undiluted to microtiter 
plates (Costar) and then serially diluted (3-fold) in Hank’s balanced salt solution (HBSS, 
GIBCO/Invitrogen). A pre-determined dilution of meningococcal reference bacterial stock 
(serogroup A, strain F8238 or serogroup C, strain C11) from a 4 h active culture grown in 
brain heart infusion (BHI) agar supplemented with 1% horse serum that yielded ~400 to 750 
bacteria per well was added to each reaction plate. A qualified source of complement from 3 
to 4 week-old rabbit complement (Pel Freez, AR) was added at a concentration of 25% v/v. 
Plates were incubated for 1 h (T60), 37°C in the absence of CO2. Following the incubation 
period, a 10 μl aliquot per well was tilted onto supplemented BHI agar. Viability counts 
were read with an automated colony counter (Synbiosis Protocol, United Kingdom) after 16 
to 18 h incubation. Continuous titers were determined by interpolation of the serum dilution 
yielding 50% killing as compared to the T60 growth control plate average. Reaction plates 
also included a serum growth control to check for any inhibitory factors in the serum sample 
and complement controls as described 22, 54. A titer of 1.33 was assigned to sera with no 
activity in the initial serum dilution of 1:4. Sera were also tested with N. meningitidis 
serogroup A strain 3125, L10 immunotype as described by Poolman et al. 55.
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Measurement of antibody secreting cells by FACS and ELISpot
Blood ASC were identified by flow cytometry as CD3neg, CD20neg, CD38hi, CD27hi, 
CD19+ cells as described previously 56. Antigen specific and total IgG, IgM, and IgA 
secreting cells were quantified by ELISpot. Goat anti-human IgG, IgM, and IgA capture 
antibody (Jackson Immunoresearch; 100 ng per well) was used for total Ig capture. For 
capture of antibodies specific for meningitis polysaccharides, the tetravalent meningococcal 
polysaccharide vaccine (Menomune; Sanofi Pasteur) was conjugated to poly-L-lysine as 
previously described 57. One poly-L-lysine conjugated vaccine dose was coated per ELISpot 
plate (500 ng of each polysaccharide per well). For capture of antibodies specific for the 
diphtheria toxoid component of the conjugate meningitis vaccine, ELISpot plates were 
coated with CRM mutant diphtheria toxin (Calbiochem; 100 ng per well). Captured 
antibodies were detected with biotinylated anti human IgG, IgA, or IgM (Jackson 
Immunoresearch) and avidin HRP (Vector Labs).
Integration of Interactome and Bibliome to vaccine response networks
The interactome data used in this study was retrieved from Pathway Commons (Oct. 26, 
2011,58), including data from several databases: HPRD 59, BioGRID 60, IntAct 61, MINT 62, 
Reactome 63, NCI/Nature PID 28 and HumanCyc 64. The Bibliome network was built using 
gene keywords in Pubmed entries (retrieved Aug. 26, 2010), where concurrence of two 
genes in the same paper will constitute an edge between two genes. Papers with 10 or more 
keyword genes were excluded, as they are likely to be based on high throughput assays.
From a vaccination blood transcriptome dataset, differentially expressed genes (DEGs) were 
identified (using p < 0.001 in Supplementary Table 1, no gene filtering). A DEG network 
was first built by connecting the upregulated DEGs with the edges from reference network 
(Interactome or Bibliome). Next, a “linker” gene is added into the DEG network if its 
connecting neighbors are significantly enriched within the DEG network compared to its 
neighbors in the interactome/bibliome network (Fisher exact test, p < 0.05 after Benjamini 
Hochberg correction). Its validity here can be evaluated by examining the “linker” genes. 
For instance, among the 312 “linker” genes that were added to the MCV4 network from 
interactome, 115 have p-value under 0.05 in the gene expression data (enrichment p-value 
1.60E–19). Malaria RTS, S vaccine data 7 were used for further validation, where the top 
1000 genes in paired t-test between the third vaccination and 24 hours post-vaccination were 
used as input DEGs. The same integration method yielded a RTS, S response network of 
2951 genes, including 1231 genes that were found in our common network with 4+ 
vaccines.
Pathway and Gene Ontology analyses
We retrieved the XML version of NCI/Nature PID database (Sept. 14, 2011, 28), and parsed 
them into plain text gene sets. These PID pathways were used as external file in the GSEA 
program 23. Genes were ranked by t-score (comparing the transcriptome after and before 
vaccination) or Pearson correlation (correlating gene expression with antibody response), 
and were input to GSEA as externally supplied pre-ranked list. This approach offers good 
sensitivity and robustness, without relying on gene selection as in other over-representation 
methods. The significance of pathway enrichment in either scenario was assessed by 
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permutation in GSEA program. Gene Ontology enrichment test (Fig. 3c) was performed 
using NIAID DAVID bioinformatics server 65.
Blood transcription module construction and correlation to antibody response
The construction and evaluation of blood transcription modules (BTM) is fully described in 
the Supplementary Note. The expression values of member genes in a module are combined 
into a single module activity score (the mean value). The module activity scores are used for 
subsequent analysis, such as Student t-test or Pearson correlation. All vaccine data were 
excluded from the BTM construction process. In antibody correlation analysis, the statistical 
significance of BTM modules was estimated by comparing to random permutation data, i.e., 
module memberships and sample labels were permutated to estimate the null distribution. 
Such significance is further enhanced when the same module is seen in two independent 
vaccine datasets. The analysis result with GSEA using BTM modules is comparable to that 
presented in this paper (Supplementary Table 3).
Day 30 polysaccharide specific IgG (sum of serogroup A and C) data subtracted by day 0 
baseline were used for the antibody responses in MCV4 and MPSV4, as they were robust 
indicators throughout the study (Supplementary Fig. 1c). Day 30/0 anti-DT IgG data was 
used as DT specific response in MCV4. As previously reported, day 60 neutralizing 
antibody titers were used for the yellow fever vaccine 4, and maximum fold change of 
hemagglutination inhibition (HAI) titers (day 28/0) were used for the influenza TIV 
vaccine 6.
In vitro DC activation
Human PBMCs were obtained from buffy coat donors by centrifugation over Lymphoprep, 
and washed twice in MACS buffer (PBS, 2%FBS, 2mM EDTA). BDCA1+ blood myeloid 
DCs (mDC) and CD14+ monocytes were isolated with magnetic beads according to 
manufacturer’s instructions (Miltenyi Biotec, Auburn, CA, catalog numbers 130-090-506, 
130-050-201). Monocytes were cultured for 6 days in complete RPMI medium-10% FBS 
with 20 ng/ml GM-CSF and 40ng/ml IL-4 (Peprotech, Rocky Hill, NJ) to generate 
monocyte-derived DCs (moDC). mDC and moDC were stimulated overnight (106/ml) in 96-
well plates with dilutions of the MPSV4 or MCV4 vaccines (final concentration 0.1x, 0.01x, 
0.001x), or LPS (10ug/ml Invivogen, San Diego, CA). Cells were stained with CD80-FITC, 
CD83-PE, HLA-DR-PerCP and CD86-APC (BD Biosciences, San Jose, CA), acquired on 
an LSR and analysed using FlowJo. The clones used for FACS staining were CD80-FITC 
(L307.4), CD83-PE (HB15e), HLA-DR-PerCP (L243) and CD86-APC (2331) (BD 
Biosciences). Cell supernatants were harvested and assessed for IL-6, TNF and IL-12p40 
using ELISA kits, according to manufacturer’s instructions (BD Biosciences, catalog 
numbers 555220, 555212, 555171).
Spleens were isolated from C57BL/6 wild-type or knock-out mice, digested with 
collagenase (Worthington, Lakewood, NJ) for 30min at 37°C, and passed through a 40um 
cell strainer. The splenocytes were washed twice with MACS buffer, and CD11c+ DCs were 
isolated with magnetic beads (Miltenyi Biotec, catalog number 130-052-001). DCs were 
stimulated overnight (106/ml in 96-well plates) with dilutions of the MPSV4 or MCV4 
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vaccines (final concentration 0.1x, 0.01x, 0.001x) or TLR-ligand controls (Invivogen): 
Pam3Cys (10ug/ml), polyIC (100ng/ml), LPS (10ug/ml), FSL-1 (100ng/ml), R848 
(10ug/ml) or CpG (10ug/ml). Cell supernatants were harvested and assessed for IL-6, TNF 
and IL-1b by ELISA (BD Biosciences, catalog numbers 555240, 555268, 559603). All mice 
were 12–16 weeks old, gender and age matched in all experiments. Mice were housed and 
handled according to local, state and federal regulations. All experimental procedures were 
carried out according to protocols approved by the Institutional Animal Care and Use 
Committee at Emory University.
Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Antibody responses of meningococcal vaccinees. Serogroups A and C were measured for 
total IgG (a), IgG1 and IgG2 (b), IgM (c) and SBA titers (d). (e) A strong IgG response 
against diphtheria toxoid was detected in MCV4 vaccinees. (f) Antibody secreting cells 
(ASCs, selected as CD3− CD20− CD38hi CD27hi CD19+ cells) and (g) the number of ASCs 
at day 7 correlated with diphtheria toxoid-specific serum IgG at day 7. * p<0.05, ** p<0.01, 
*** p<0.001; unpaired t-test was used for comparisons between vaccine groups, paired t-test 
was used for comparisons to baseline within a group, Pearson’s correlation was used in (g). 
All plots show mean values (n=13 for MPSV4 and n=17 for MCV4) from one experiment, 
error bars as s.e.m.
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Analysis of blood transcriptomic data from five human vaccines. (a) Differential expression 
analysis was performed using paired t-test for each vaccine and each time point (day 3 or 
day 7 compared to baseline). The red dots in volcano plots show differentially expressed 
genes (DEGs, p < 0.001), with the numbers of DEGs. (b) A work flow to compare the 
transcriptomic signatures of five human vaccines.
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Differential expression analysis of five vaccines. (a) Online interactive figure showing 
DEGs shared between vaccine studies (online data portal http://www.immuneprofiling.org/
papers/meni/, snapshot of Interactive Fig. 1). Links are shown in blue. When a given vaccine 
is selected, links are shown in green. (b) Selected DEGs involved in B cell development and 
innate immunity. (c) The DEGs plus “linker” genes identified by our interactome/bibliome 
integrative approach and shared by four or more vaccines are enriched with a number of 
gene ontology categories related to immune system. The genes found in ‘immune system 
development’ are shown in Supplementary Fig. 4f.
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Blood transcription modules provide a sensitive and robust statistical framework. (a) 
Construction of blood transcription modules (BTM) through large scale data integration. 
Full details are given in the Supplementary Note. (b) BTMs show superior sensitivity 
(assessed by t-score) compared to canonical pathways in class comparison. MCV4 
transcriptomic data at D3/0 are used as example. Additional examples can be found in 
Supplementary Fig. 9. (c) Assessing the statistical significance of BTM correlation to 
antibody data. Each module is collapsed to a single activity score (mean value of all member 
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genes), and Pearson correlation to antibody data is calculated across all subjects (red bars). 
The gray area is the distribution of random data generated by permutations of module gene 
memberships and sample labels. Data shown is the D3/0 MCV4 transcriptome data. (d) 
BTM module M156.1 consists of mostly immunoglobulin genes. Each edge represents a 
coexpression relationship learned from public data. CD27, TNFRSF17 and MZB1 are known 
B cell regulators, and POU2AF1 is a regulator of TNFRSF17. (e) Correlation of module 
M156.1 activity and later antibody response (MCV4-DT).
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BTM analysis reveals distinct mechanisms of antibody response. (a) Each vaccine data set is 
shown as one of six segments on the circular plot. In each segment, the inner circular bands 
show an ordered list of all BTM modules, layered by histograms of modules significantly 
correlated to the antibody response, red for positive correlation and blue for negative 
correlation. Significant modules that are common between vaccines (as in Supplementary 
Fig. 12b, c, d) are linked by a color curve in the center (gray links for modules omitted in 
Supplementary Figure 11). An interactive version of this figure is available (online data 
portal, Interactive Figure 2). (b) Illustration of module activity. A filled unit in the center 
grid indicates the membership of the gene (top axis) in the corresponding module (left axis). 
The heat map on the right shows the Pearson correlation between module activity and 
antibody response in each study. The bottom heat map shows correlation between module 
member genes and the antibody response.
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The meningococcal polysaccharide vaccine activates myeloid dendritic cells. (a) Induction 
of cytokines by MPSV4 from human myeloid DC (4 independent replicates) and monocyte 
derived DC (6 independent replicates). Mean values of independent replicates are shown, 
error bars as s.e.m. Secreted IL-6 protein levels are shown but the same result was observed 
for TNF and IL-12p40 levels. (b) Mouse knockout DCs show that the MPSV4 stimulation is 
dependent on Myd88, Trif, Tlr4 and Asc in vitro. CD11c+ DCs were isolated by MACS from 
spleens of C57BL/6 mice (WT) or various knock-out mice and stimulated for 24 h; *p<0.05, 
***p<0.0001, unpaired t-test was used to compare WT vs. KO. Four independent replicates 
were performed for Myd88, Trif and Tlr4 knockouts, six for Asc knockouts. One 
representative experiment is shown, with mean values and s.e.m. from technical replicates.
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